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ABSTRACT: The observational method (OM) has been adopted in urban excavation projects to help manage uncertainties associated 
with design soil parameters. By deploying comprehensive ground and structural monitoring schemes, the OM can provide a continuous 
assessment of the progress of the project, with deviations between observed and predicted responses potentially leading to an 
interruption of construction operations and/or a review of the original design. As part of this process, the OM requires the frequent 
back analysis of soil parameters using field monitoring data, with the obtained updated soil parameters being subsequently used to 
simulate future construction stages. This enables the implementation of remedial measures to be evaluated, as well as potential cost 
saving options to be explored. In this context, the numerical model must reliably capture the actual soil behaviour while remaining 
computationally efficient, as the back analysis process typically requires many simulations to identify optimal parameter sets. However, 
such high computational costs are generally incompatible with the constraints imposed by construction timelines and cost 
considerations, thereby restricting the feasibility of employing high-fidelity numerical models. To address these challenges, this paper 
utilises an Artificial Neural Network (ANN) as a surrogate model, capable of predicting results at different construction stages 
comparable to those generated by high-fidelity numerical simulations with significantly reduced computational effort, in conjunction 
with Genetic Algorithms (GA) for automatic back analysis of soil parameters based on field data. The proposed approach for automatic 
back-analysis is demonstrated through a retrospective case study of the Old Oak Common station in west London (United Kingdom) 
which is part of the High Speed 2 (HS2) project, highlighting its ability to identify model parameters based on field measurements. 
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1 INTRODUCTION 

The observational method (OM), originally introduced by Karl 
Terzaghi (Peck, 1969), was developed to address the 
considerable uncertainties associated with soil parameters 
during design in Geotechnical Engineering. These uncertainties 
primarily arise from the variability in natural materials, 
limitations of site investigation and laboratory testing, and 
assumptions inherent to engineering analysis. By comparing 
field monitoring data systematically collected during 
construction with design predictions, the OM supports 
engineers in making informed modifications to construction 
operations. These can include remedial measures to ensure the 
safety of the project or, should the observed response suggest 
that the soil-structure system is more competent than 
anticipated, changes to the construction sequence. The latter 
may, for instance, involve the removal of propping levels 
(Yeow et al., 2014). This adaptive approach not only enhances 
project reliability but also offers considerable time and cost 
savings (Hardy et al., 2018; Powderham & O'Brien, 2020).  

Within the framework of the OM, soil parameters are 
updated through back analysis as soon as new field monitoring 
data become available. While optimisation techniques, such as 
Genetic Algorithms, facilitate the automation of this procedure, 
many numerical simulations are required, potentially making it 
prohibitive under the time constraints of real-world 
construction projects. Surrogate models can generate results 
comparable to those of high-fidelity numerical models, such as 
those based on the Finite Element Method (FEM), at a fraction 
of the computational cost. This paper presents the back analysis 
of an excavation in London Clay by integrating surrogate 
models with optimisation algorithms, thereby enabling efficient 
parameter identification. 

2 CASE STUDY 

2.1 Description of the Old Oak Common station 

Old Oak Common station is a new railway station constructed 
as part of the High Speed 2 (HS2) project in London. The 
station is approximately 840 m long, 16 to 66 m wide, and up 
to 20 m deep, constructed using a typical top-down approach. 
This paper focuses on design Section 10, which features a 1200 
mm thick diaphragm wall extending to a depth of 40.5 meters, 
supported during excavation by slabs at depths of 3.55 m 
(‘ground level’) and 9.75 m (‘intermediate level’). The 
application of the OM in this project was to assess whether a 
third temporary support prop at a depth of 16.5 m, i.e. between 
intermediate and formation level, could be omitted (‘temporary 
level’), which required extensive back analysis of the 
movements observed prior to this stage. The field data include 
measurements of the diaphragm wall’s horizontal deformation 
relative to its toe at key excavation stages: intermediate prop 
level, temporary prop level, and formation level, with other site 
observations not available for use in this analysis. 

The ground surface at this site is located at 26.5 mOD and 
the stratigraphy consists of 1 m of Piling Material, followed by 
5 m of Weathered London Clay, 65 m of London Clay, 17.5 m 
of Lambeth Group Clay, 2.5 m of Lambeth Group Sand and a 2 
m thick layer of Thanet Sand, extending down to -67.5 mOD. 
Below this level, as typically found in London, is chalk. The 
unit weight of the Piling Material is 19 kN/m3, whereas all the 
other soils have an assumed unit weight of 20 kN/m3.  

2.2 Reference numerical analysis 

The simulation was performed using the finite element software 
PLAXIS 2D 2024.02 (Bentley Systems, 2024), under plane-
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strain conditions with the lateral boundary at the far field 
positioned 100 m from the diaphragm wall and the base of the 
model coinciding with that of the Thanet Sand. The pore water 
pressure (pwp) profile on site showed signs of underdrainage 
which was imposed as an initial condition to the problem by 
performing a steady state analysis, with the perched water table 
located at the base of the Piling Material and the lower aquifer 
at a depth of about 51.5 m. The permeability of the London Clay 
and Lambeth Group Clay was modelled as both anisotropic 
ሺ𝑘௛ ൌ 2 ∙ 𝑘௩, where 𝑘v and 𝑘h are the vertical and horizontal 
permeabilities, respectively) and varying with depth. This was 
implemented as a User-Defined Flow Model in PLAXIS 
(Taborda et al., 2023) and calibrated using data from Hight et 
al. (2007). The logarithmic variation of 𝑘v with depth was 
described by the following expression: 

𝑙𝑜𝑔ଵ଴𝑘௩ ൌ 0.0215 ∙ ሺ𝑦 െ 25.5ሻ െ 9.427 (1) 

where 𝑦 is the vertical coordinate in mOD. The simulated 
profile, illustrated in Figure 1, showed good agreement with 
that measured in situ. Also shown in Figure 1 is the adopted 
profile of coefficient of earth pressure at-rest (K0).  

 
Figure 1. Geometry and ground conditions for OOC Section 10. 

Table 1. Adopted strength (𝜑, 𝑐) and dilatancy (𝜓) properties. 

Material 𝜑ሺ°ሻ 𝑐 ሺ𝑘𝑃𝑎ሻ 𝜓 ሺ°ሻ 

Piling Material (PM) 25.0 3.0 0.0 

Weathered London Clay (WLC) 23.0 0.0 12.5 

London Clay (LC) 25.0 5.0 12.5 

Lambeth Group Clay (LGC) 28.0 5.0 13.5 

Lambeth Group Sand (LGS) 34.0 0.0 17.0 

Thanet Sand (TS) 37.0 0.0 20.0 

All soils were modelled with a non-associated Mohr-Coulomb 
failure criterion, with strength and dilatancy parameters listed 
in Table 1. Non-linear elastic stiffness was simulated for all 
materials using the IC MAGE M01 model (Taborda et al., 
2024), except for the Piling Material, which was modelled with 
a linear elastic stiffness (𝐸 ൌ 10 𝑀𝑃𝑎, 𝑣 ൌ 0.2). The stiffness 
parameters for M01 were adopted from Sailer et al. (2019), 
based on the back-analysis of a retaining wall in London. For 
simplicity, it was assumed that Weathered London Clay and 
London Clay had the same stiffness properties. The diaphragm 

wall was modelled as wished-in-place using solid elements to 
which concrete properties were assigned from the design report 
(𝐸 ൌ 30 𝐺𝑃𝑎, 𝑣 ൌ 0.2). The props were modelled with 𝐸𝐴 
values of 6 𝐺𝑃𝑎  and 4.4 𝐺𝑃𝑎  for the ‘ground’ and 
‘intermediate’ levels, respectively. The soil-structure 
interaction was simulated using interface elements, with 
interface strength reduced to two-thirds of that of the 
surrounding soil strength and stiffness governed by a power law 
assuming a reduction factor of 1.0, with parameters obtained 
from the modelled 𝐺௠௔௫  profile, following the procedure 
outlined in Bentley Systems (2024). 

The excavation was assumed to take place under undrained 
conditions for the clay layers, reflecting their relatively low soil 
permeability in comparison to the construction timeframe. The 
excavation was performed in steps of 2 to 3 metres per layer. 

2.3 Back-analysis 

The back-analysis focused exclusively on the stiffness 
parameters of London Clay, as the excavation takes place fully 
within this material, assuming, as before, that London Clay and 
Weathered London Clay layers shared identical stiffness 
properties. The four properties varied were 𝐺௥௘௙  (stiffness at 
very small strains), 𝑎 (strain level at which stiffness reduction 
takes place), 𝑏 (nonlinearity rate of strain reduction) and 𝑅ீ,௠௜௡ 
(ratio 𝐺௠௜௡ 𝐺௠௔௫⁄  at very large strains). Sufficiently broad 
intervals were adopted for the back-analysis to encompass the 
range of soil conditions reported in London (Hight et al., 2007; 
Jurečič, Zdravković & Jovičić, 2013), as detailed in Table 2. 
The interface element stiffness was adjusted in accordance with 
the varying LC parameters for each numerical analysis. 

Table 2. Back analysis intervals for London Clay. 

Bound 𝐺௥௘௙ ሺ𝑘𝑃𝑎ሻ 𝑎 𝑏 𝑅ீ,௠௜௡  

Lower 16667 1E-5 0.5 0.01 

Upper 61667 1E-2 1.5 0.2 

3 SURROGATE MODEL 

This study used a single Artificial Neural Network (ANN) in 
Keras (Chollet et al., 2015) to predict diaphragm wall 
deformation at both intermediate (9.75 m) and temporary (16.5 
m) prop levels during excavation. Training one ANN for 
multiple stages was expected to enhance back analysis and 
overall results compared to separate models. The adaptive 
sampling method CV-BASHES was applied, which 
dynamically constructs the training set by balancing global 
exploration with local exploitation. Cross-validation error 
guides new sample generations toward regions of high model 
uncertainty, and candidate points are ranked by predicted error 
so that high-error regions are refined iteratively to improve 
surrogate accuracy. 

3.1 Synthetic database 

Two synthetic databases, comprising 40 samples for initial 
training and 50 samples for consistent testing, were generated 
for CV-BASHES using the Latin Hypercube Sampling method 
(Virtanen et al., 2020). Each sample (i.e. a full finite element 
simulation) corresponds to a model as described in Section 2.2, 
with distinct combinations of 𝐺௥௘௙ , 𝑎 , 𝑏  and 𝑅ீ,௠௜௡  from 
within the bounds listed in Table 2.  

Prior to the training of the ANN surrogate, the diaphragm 
wall’s deformation profile was discretised into 40 equally 
spaced points along its height. This approach resulted in each 
sample containing 80 training points (i.e. 40 for each of the two 
excavation stages), with identical values of 𝐺௥௘௙ , 𝑎 , 𝑏  and 
𝑅ீ,௠௜௡, but different elevation y/H, horizontal deformation (ux) 
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and phase indicator, the latter distinguishing between results for 
‘intermediate’ and ‘temporary’ levels. To ensure effective 
training and improve the generalisation ability of the ANN 
model, normalisation was applied to the dataset so that all 
variables were on a comparable scale. 

3.2 ANN training 

The feedforward ANN model has six input features, with the 
horizontal deformation being its single output. During each CV-
BASHES iteration, 10 new samples were created and the 
ANN’s hyperparameters were retuned within the ranges 
specified in Table 3. The Adam optimiser and early stopping 
were applied to enhance the robustness of the model. For 
validation, data splitting was conducted such that all training 
points from the same sample were assigned to the same fold. 
CV-BASHES stopped generating new training samples once 
the ANN achieved sufficient accuracy. 

Table 3. Hyperparameter tuning ranges for ANN. 

Hyperparameter Range 

Number of layers [3,6] 

Number of neurons per layer [500, 1500] 

Activation function {‘relu’, ‘leaky_relu’, ‘elu’} 

Batch size [16, 128] 

Learning rate [10-6, 10-2] 

  
Figure 2. Learning curve of the ANN surrogate with CV-BASHES. 

3.3 ANN performance evaluation 

The final architecture of the ANN surrogate comprised three 
layers, each containing 624 neurons with the Exponential 
Linear Unit (ELU) activation function. The model was trained 
with a learning rate of 3.776 × 10-5 and a batch size of 40. 
Figure 2 illustrates the learning curve of the ANN surrogate, 
showcasing progressive performance enhancement after each 
new CV-BASHES iteration. The adaptive sampling procedure 
converged after 18 iterations, yielding a final training database 
of 210 samples. In the first two iterations, testing accuracy 
increased, while validation scores showed a temporary decline. 
This behaviour exemplifies the dynamics of the adaptive 
sampling process: newly adapted samples enhanced the overall 
model performance when incorporated into the training set, yet 
they simultaneously posed a predictive challenge as validation 
samples. In subsequent CV-BASHES iterations, both testing 
and validation metrics improved. In the final iterations, there 
was a close agreement between the testing and cross-validation 
scores, demonstrating the robustness of the final ANN, thereby 
confirming the sufficiency of the database size and justifying 
the termination of the adaptive sampling procedure. 

The final ANN achieved a coefficient of determination (R2) 
of 0.998 for training and 0.995 for testing dataset. Figure 3 
compares the ANN predictions for the testing dataset (black 
markers) with the “ideal fit” line (1:1, red dashed). Out of the 
50 testing samples, 49 exhibited excellent agreement with the 

ideal 1:1 fit, while only one sample showing discrepancies, 
though limited to approximately 10%. 

 
Figure 3. Regression plot for the testing dataset. 

4 BACK-ANALYSIS 

Back-analysis is fundamentally an optimisation procedure 
aimed at identifying the global optimal set of soil parameters 
that provide the closest match with a given observed field 
response. In this study, the objective is to calibrate the M01 
stiffness parameters for WLC and LC layers, using the OOC 
Section 10 field monitoring data during excavation to ‘ground’ 
and ‘intermediate’ levels. Once calibrated, the back-analysed 
soil parameters are used to predict the horizontal deformation 
of the diaphragm wall at formation level. Through comparison 
with the monitoring data for the final phase, the validity of the 
obtained stiffness parameters can be further assessed.  

4.1 Genetic Algorithms with ANN surrogate 

Genetic Algorithms (GA) have shown promising performance 
when applied to back-analysis problems in geotechnical 
engineering (Ferrero et al., 2023). In this study, GA was 
executed five times, with a search space identical to the ANN 
sampling domain (Table 2). The adopted GA parameters are 
summarised in Table 4. The value of R2 was employed as the 
fitness function, quantifying the agreement between the 
measured horizontal deformation profiles and the predictions 
produced by the ANN surrogate model.  

Table 4. Parameters adopted in the Genetic Algorithm. 

Parameter Value 

Population size 1000 

Number of generations 200 

Mutation probability 0.3 

k-Tournament (k value) 3 

Elitism 5 

Maximum generations allowed 
without fitness improvement 

20 

4.2 Results and forward prediction 

Table 5 presents the three best results from multiple GA 
realisations. While optimal parameter sets vary considerably, 
each achieves a good agreement with field observations. This 
ambiguity suggests that the four parameters of the adopted 
nonlinear stiffness model, despite having clear definitions in 
terms of their impact on the obtained stiffness reduction curve, 
introduce excessive degrees of freedom in comparison with the 
available constraints (the two measured displacement profiles). 
However, as can be seen in Figure 4, the three sets of 
parameters result in very similar stiffness values for strains 
between 0.02% and 0.2%. This range is similar to that 
suggested by Atkinson & Sallfors (1991) for stiffness 
mobilisation in stiff clays supporting retaining walls. 
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Table 5. Best solutions returned by the Genetic Algorithm. 

Rank 𝐺௥௘௙ ሺ𝑘𝑃𝑎ሻ 𝑎 𝑏 𝑅ீ,௠௜௡  R2 

1 56981 0.000310 1.499 0.0430 0.9577 

2 53375 0.000365 1.492 0.0396 0.9567 

3 46161 0.000565 1.497 0.0199 0.9550 

   
Figure 4. Comparison between stiffness reduction curves. 

  
Figure 5. Comparison of the best back analysis result and the 
reference model versus field observations. 

Figure 5 compares the results of best-fit parameter set, together 
with the reference model using stiffness parameters proposed in 
Sailer et al. (2019) and the monitoring data. Clearly, the new set 
of parameters can replicate very accurately the observed 
displacements. It is important to note that a single set of 
parameters is able to capture the response at both stages, 
demonstrating the advantages of using a model that can 
simulate the evolving soil stiffness with ground deformation. 
As expected from the comparison between back-analysed 
stiffness and original stiffness in Figure 4, the new parameters 
yield substantially lower movements than the reference 
analysis. In terms of the forward prediction for formation level, 
the new parameters lead to ground movements that are closer to 
the observed data (i.e. with only two prop levels), when 
compared with the results corresponding to the reference 
parameter set. However, there is still a slight overprediction, 
indicating that the stiffness at larger deformation levels should 
have been further reduced. This difference does not indicate 
that typical London Clay parameters are unsuitable but reflects 
the limitations of generic parameter sets for site-specific 
behaviour. These findings highlight both the effectiveness and 
limitations of the proposed approach. 

5 CONCLUSIONS 

In this study, London Clay stiffness parameters were back-
analysed from excavation movements measured at the Old Oak 
Common station in London. The back analysis was carried out 
by coupling surrogate models with Genetic Algorithms (GA). 
An Artificial Neural Network (ANN) was trained on 210 
samples using the adaptive sampling method CV-BASHES, 
resulting in a surrogate model capable of reproducing the results 
of high-fidelity FE analyses. The use of CV-BASHES meant 
that the number of samples did not need to be pre-determined, 
streamlining the creation of the surrogate model. By integrating 
the ANN with GA, back-analysis was conducted based on field 
observations from two key construction phases in a fraction of 
the time that would have been required if the full FE model had 
been used. The forward prediction derived from the back 
analysed soil parameters showed reasonable agreement with 
field measurements. Overall, the results demonstrate the 
potential of the adopted methodology. A key limitation is 
reliance on synthetic data; future work will incorporate field 
data and explore transfer learning for real-world applicability. 
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